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ABSTRACT 
 
 Geographic Information Systems (GIS) continue to be used more frequently and for a 
broader variety of applications.  Careful consideration of the characteristics of underlying 
datasets that are incorporated in GIS models, particularly with respect to their accuracy for 
specific applications, is increasingly important. In this study, we evaluated the accuracy of two 
land cover datasets, the National Land Cover Dataset (2006) and the Gap Analysis Program 
(GAP) dataset at scales typical for Midwestern forest land ownership. We also evaluated the 
applicability of the Soil and Water Assessment Tool (SWAT 2005) for headwater streams in 
forested areas in central Iowa, including streams in urban, grazed, and preserved forests.  For the 
landcover datasets, overall accuracy for Level I classification ranged from 59% for NLCD 2006 
to 71% for the GAP dataset.  Accuracy was relatively high for row crops (83% for both NLCD 
2006 and for GAP) and developed areas (70% for NLCD 2006; 100% for GAP).  Neither dataset 
generated optimal results for overall classification. Overall, the GAP dataset produced fewer 
errors for the areas we studied.  For our evaluation of the SWAT 2005 model, we used the R² 
coefficient and Nash-Sutcliffe Efficiency (NSE) statistic to characterize model performance 
using a multi-site approach for the set of nine streams.  For calibration of discharge, R² values 
ranged from 0.45 to 0.85, and NSE ranged from 0.41 to 0.84.  Values of these statistics were 
lower for validation (R
2
 of 0.07 to 0.72, NSE from -3.63 to 0.13).  Model performance was 
variable for total suspended solids (calibration R
2
 from 0.01 to 0.80, and NSE from -0.55 to -
0.04; validation R
2
 from 0.004 to 0.90, and NSE from -1.45 to 0.27).  Overall, the SWAT model 
showed potential for prediction of discharge from small streams in forested areas, however, it did 
not perform as well for prediction of suspended solid concentration under our study conditions.
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CHAPTER 1: GENERAL INTRODUCTION 
Project description  
 
 Much of the landscape in the Midwestern United States has changed dramatically in the 
past 150 years.  Human settlement activities have replaced prairies, wetlands, and forests with 
agricultural land uses such as row crops and livestock production (Jungst et al., 1998; Bishop et 
al., 1998) and urban and suburban development (Bowman, et al., 2012).   
 Iowa, as a state in the heart of the cornbelt, has been significantly transformed by this 
conversion: approximately 98% of its original land cover has been converted to agricultural and 
urban uses (ISU Extension, 2009).  In the mid 1800’s grasslands (primarily tallgrass prairie) 
covered approximately 80% of Iowa’s landscape, but now represent only about 5% (Gallant et 
al., 2011).  Similarly, forest areas covered approximately 18% of the land area in the mid-1800s 
but now account for only about 7% (Gallant et al., 2011). The forests that remain are 
concentrated in the eastern and southern portions of the state, and along waterways throughout 
Iowa as gallery forests (Thompson, 1992).   
In Iowa, a large proportion of the remaining woodlands, about 90%, are on private land 
(Crocker et al., 2007) and land owners and land managers must balance multiple objectives for 
their management. This balance might include production of traditional forest products 
(firewood, timber) and agricultural land uses (e.g. cattle grazing).  New forest owners’ goals are 
also likely to include aesthetic enjoyment, privacy, provision of wildlife habitat, heritage values, 
and protection of stream water quality (e.g. Jones et al., 1995; Koontz, 2001; Dutcher et al., 
2004).  Thus, these landowners may be interested in managing forest areas along streams to 
provide buffers for surface and subsurface flow as well as to stabilize stream banks and control 
sediment movement (Peters and Hodge, 2000; USDA National Agroforestry Center, 2004).   
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 Decision support tools for management of such areas could be based on remote sensing 
data presented as a map.  For centuries, people have been relating geographic features of regions 
using maps and globes (Andreas, 1875) to make informed decisions.  Maps and spatial models 
have more applicability for land use and management now that they can be analyzed by more 
users with more sophisticated analysis tools.  Modeling with Geographic Information Systems 
(GIS) is an important example of this trend, because GIS allows decision-makers to incorporate 
multiple criteria in a systematic way that can reduce time and labor inputs for on-the-ground 
management activities.   
GIS is applicable to a variety of scales, from continental, to regional, and to more local.  
For example, GIS has been used at a regional scale for mapping and modeling one of the largest 
rivers in the world, the Yellow River in China.  Staff with the Yellow River Basin Geographical 
Information Center (YRBGC) can edit and query data, visualize scenarios, and print topographic 
and thematic maps and very accurately simulate the characteristics of the river (e.g. Jia et al., 
2006).  GIS can also be used on more local scales, for example to focus on headwater 
catchments.  These are at a scale that more likely coincides with typical land ownership and 
management in the Midwestern U.S..  These small watersheds are also characterized by very 
close coupling between terrestrial and aquatic systems and integrate a variety of environmental 
processes and human impacts on the landscape (Aspinall and Pearson, 2000).   
Using spatial data within a GIS for such areas can support analyses of current conditions 
and allow predictions for future conditions. However, one concern with spatial data is its 
accuracy (Congalton and Green, 1993; Foody 2002). Accuracy has been a concern just as long as 
maps have been produced.  Since the earth is not flat, nor a perfectly round sphere, accuracy is 
difficult to achieve when its surface is portrayed in two dimensions. There have been many 
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projections created to attempt to translate the earth’s surface onto a map (Kennedy and Kopp, 
2000).  The wide variety of such projections has created a more complete view, but questions 
remain as to how accurate this data is in relation to the actual ground surface.   
Land cover datasets are one of the more common forms of spatial data and one of the 
most useful for understanding the general characteristics of a landscape (Foody, 2002).  They 
provide an easy way to visualize an area and can be helpful in guiding management activities.  
These datasets can be used within a GIS and then subjected to a number of kinds of analyses.  
One such dataset is the National Land Cover Database 2006 (NLCD 2006, Fry et al., 2011), 
which contains landcover data for the conterminous United States.   Another widely used dataset 
is the Gap Analysis Program (GAP), which also covers the entire continental U.S. (USGS, 2011) 
In theory, using data generated for a local scale would provide greater accuracy, but even 
that data needs to be verified against actual conditions in the field.  There are many sources of 
data available, depending on the scale and area to be examined.  The combination of accurate 
spatially-referenced data and proper GIS platforms can support modeling using features such as 
vegetation cover, soil type, and elevation, as well as processes such as surface water flow and 
sediment concentration in rivers and streams.  
GIS can also be a useful tool for modeling water quality since an entire catchment can be 
mapped and analyzed.  Such models use input data including land cover and add other 
characteristics such as slope, aspect, precipitation, temperature, and soil information to predict 
stream discharge and pollutant loads for sediment, nitrogen, and phosphorus (Arnold et al., 
1998).   The Soil Water and Assessment Tool (SWAT) is an example of such a model, developed 
to simulate the long-term impacts of land management on stream flow and water quality 
characteristics (Arnold et al., 1998).   
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Study Framework 
 
This study involved two areas of focus.  First, we conducted an analysis of the accuracy 
of landcover datasets at a local (headwater catchment) scale to evaluate the 2006 National 
Landcover Dataset (NLCD 2006) and the Gap Analysis Program (GAP, USGS 2011) landcover 
layers.  Second, we used SWAT 2005 (a hydrological simulation model) with a GIS to predict 
water quantity and quality characteristics to assess the predictive ability of the model.  In both 
cases, we were interested in the applicability of these tools at a local scale to inform management 
decisions for forest landowners and managers. 
Thesis organization 
This thesis is arranged into four chapters.  The first chapter is an overall introduction to 
the topics covered.  The second chapter is entitled “An assessment of two land cover datasets 
(NLCD 2006 and GAP) for use at local scales”.  The third chapter is entitled   “Modeling stream 
discharge and sediment concentration using SWAT for ungauged headwater streams embedded 
in urban, grazed, and preserved forest landscapes”. The final chapter presents general 
conclusions based on the results of the work presented in this thesis. 
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CHAPTER 2: AN ASSESSMENT OF TWO LANDCOVER DATASETS (NLCD 2006 
AND GAP) FOR USE AT LOCAL SCALES 
A paper formatted for submission to Remote Sensing of the Environment 
Zachary A. Keninger and Jan Thompson 
Abstract 
 
 Recently, land cover datasets have been used more frequently and for a broader variety of 
applications.  Many products have been created to display the earth’s features in spatially explicit 
datasets that can be used within a Geographic Information System (GIS).  One concern for use of 
such data relates to accuracy for applications at scales typical for forest land-ownership or land-
management in the Midwestern U.S.  In this study, we evaluated the applicability of two widely 
used and readily available land cover datasets, the National Land Cover Dataset, (NLCD 2006) 
and the Gap Analysis Program (GAP) dataset.  We determined three standard measures of 
accuracy for each dataset:  user’s accuracy, producer’s accuracy, and overall accuracy related to 
each of the land cover categories and at two levels of classification.  Overall accuracy for Level I 
classification ranged from 59% for NLCD 2006 to 71% for the GAP dataset.  Overall accuracy 
for Level II was 58% for the NLCD 2006 dataset and 67% for the GAP dataset. Accuracy was 
relatively high for row crops (83% for both NLCD 2006 and for GAP) and developed areas (70% 
for NLCD 2006; 100% for GAP).  For both the NLCD 2006 and GAP datasets, the 
herbaceous/grassland category generated a large proportion of errors (0% correct).  Neither 
dataset generated optimal results for overall classification, although some land cover categories 
were generally more accurate (agricultural/developed) than others (grassland/herbaceous).  
Overall, the GAP dataset produced fewer errors in this assessment of nine sites at a typical 
Midwestern forest land-ownership/management scale.  
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Introduction 
 
 Spatial data describing features of the earth’s surface are useful for a broad array of 
applications to determine and evaluate land use and land management alternatives.  Previous 
studies using spatial data for such analyses have been conducted at scales that range from global 
(e.g. Menon et al., 2010), to continental (e.g. Schaldach et al., 2011), regional (e.g. Jia et al., 
2006), and local (e.g. Bridges, 2008). With the rapid increase of data availability and new 
techniques for spatial modeling, spatial datasets are now increasingly being used to inform local-
scale management activities. 
  Potential applications of such data in natural resource management include, for example, 
their use to determine the extent of forest cover in urban areas (e.g. Bowman et al., 2012), the 
connectivity of potential habitat for wildlife species (e.g. Schadt et al., 2002), and to assess the 
gain or loss of certain land cover types (Gallant et al., 2011).  Another set of applications relate 
to watershed management, which may include use of spatial landcover data to determine the 
extent of natural buffers around streams in the landscape (e.g. Herring et al., 2006), or as input 
data for hydrological models (e.g. The Soil Water Assessment Tool (SWAT) model, Arnold et 
al., 1998).   Hydrological modeling, in particular, is useful to provide water quality information 
related to management options for interested landowners and land managers (e.g. Li et al., 2008).  
 The increased availability of spatial data has resulted in a shift toward development of 
decision-support tools that are based on remote sensing, reducing the need for costly field studies 
and assessments.  With regard to this trend, it is especially important to know the accuracy of the 
datasets that underlie such models, and to understand how datasets developed for relatively large 
areas can be applied to smaller areas (Foody, 2007).   
9 
 
 
Land cover datasets are one of the more common thematic maps produced using spatial 
data and one of the most useful for understanding the general characteristics of a landscape 
(Foody, 2002).  Most land cover maps are created using satellite imagery and classification tools 
to process the imagery (Jennings, 2000; Fry et al, 2011).  However, these maps are subject to 
error generated from the source materials themselves as well as from the methods used to 
develop the thematic information portrayed (Congalton and Green, 1993).  There are also 
difficulties related to application of datasets developed to describe relatively large areas (e.g. the 
conterminous U.S.) to much smaller areas (e.g. first-order stream watersheds).  Developing 
estimates of dataset accuracy can support broader application to inform land management at a 
variety of scales. 
 Land cover datasets are typically based on mapping done at a regional scale.  These 
products are developed using relatively coarse spatial resolution, often between 30m and 1km, 
due to cost constraints (Foody, 2002).  To use such data, an accuracy assessment is essential to 
verify that any particular applications of the datasets are appropriate (Nusser and Klass, 2003; 
Wickham et al, 2004; Wickham et al, 2010).   There are different options for assessing dataset 
accuracy.  Aerial imagery can be used to develop reference data for comparison to landcover 
datasets (Wickham et al, 2004; Wickham et al, 2010).  Another approach is to use field 
verification by conducting site visits to compare actual land cover with dataset land cover 
classifications (e.g. Laba, et al, 2002; Nusser and Klaas, 2003).  Field verification however, can 
be time and cost prohibitive.  Based on the degree of confidence determined for map accuracy, 
the datasets can then be used at different scales and manipulated to provide desired analyses and 
outputs.   
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The United States Geological Survey (USGS) is part of a consortium of governmental 
agencies that has been engaged in multiple efforts to generate spatially explicit datasets about the 
earth’s surface.  One such dataset is the National Land Cover Database 2006 (NLCD 2006, Fry 
et al., 2011), which contains landcover data for the conterminous United States.   Another widely 
used dataset is the Gap Analysis Program ( USGS GAP, 2011) which also covers the entire 
continental U.S.  
The NLCD 2006 product is a land cover dataset based on modifications to the Anderson 
Land Cover Classification system (Anderson et al., 1976).  The NLCD 2006 dataset uses 
Landsat Enhanced Thematic Mapper  (ETM+) satellite images captured around 2006 (NLCD 
2006, Fry et al., 2011).  This dataset is intended to be used at scales of 1:250,000 and smaller, 
and has spatial resolution of 30 by 30 m.  The NLCD 2006 product also provides land cover 
change for the period 2001 (based on the previous NLCD dataset) to 2006, and a percent 
impervious surface layer estimate for developed areas in the conterminous U.S.  Key features of 
the NLCD 2006 dataset include high spatial resolution, the ability to view the data online as well 
as to download the entire dataset. 
The GAP national land cover dataset is a product based on the NatureServe Ecological 
Systems Classification (Comer et al., 2003).  The main purpose for creating this data set was to 
provide vegetation cover information in conjunction with species habitat requirements to predict 
species’ ranges. This product is a compilation of multiple state or regional-level GAP datasets 
that have been combined to create a comprehensive thematic map for the contiguous U.S. (USGS 
GAP, 2011).   In all cases, multi-season satellite imagery (Landsat ETM+) from 1999-2001 was 
used in conjunction with digital elevation model (DEM) datasets to map natural and semi-natural 
vegetation (USGS GAP, 2011).  It was developed to be used at scales of 1:100,000 and smaller, 
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and has a spatial resolution of 30 by 30 m.  Key features of the GAP dataset include high spatial 
resolution for mapping small patches of important vegetation, general ease of data use (it can be 
downloaded and used in a GIS or can be viewed online). 
Both datasets use a hierarchical classification system which allows the user to define the 
level of detail in the information generated.  The first level of classification is relatively general, 
and at subsequent levels, land cover definitions become more specific and detailed (e.g. Table 1).  
We conducted this study to assess the accuracy of these two widely used land cover 
datasets at typical Midwestern forest land management/ownership scales. The areas included in 
our study are smaller than the spatial datasets were originally intended to assess.  At the same 
time, however, they represent a scale at which many land management decisions are made (for 
example, the typical forest land ownership size in this region is about 20 ha., Butler and 
Leatherberry, 2004). We used first-order stream basins as our sampling areas to inform our use 
of specific land management tools linking these landcover datasets to water quality (e.g. Olivera 
et al., 2006). We used a targeted sampling design to determine an appropriate number and 
location of field (ground) visits among the study sites for verification of dataset accuracy.  The 
questions that guided our study were: 1) How accurate are these datasets at a local scale in areas 
dominated by forest landcover? and 2) How does classification level (e.g. Level I vs. Level II) 
affect the accuracy of these datasets when used at this typical land-ownership scale? 
Methods 
 
Study Area 
Our study area included nine headwater stream catchments in Central Iowa, U.S.A. 
(Figure 1) that were part of a more comprehensive study of human impacts on stream dynamics 
in central Iowa landscapes with a significant forest land cover component.  Study sites included 
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three urban, three agricultural, and three preserved forest areas, representing a range of typical 
forest land ownership sizes and management regimes, and for which we already had permission 
to access the entire property within the catchment area.  Seven of the nine study streams were 
located in the Lake Red Rock Watershed, the remaining two occurred (one each) nearby in the 
Middle Des Moines watershed and the North Raccoon watershed.  All study sites were located 
within the Des Moines Lobe and Rolling Loess Prairies ecoregions (Chapman et al., 2002), an 
area that includes level to gently rolling terrain.  The majority of the central Iowa landscape is 
dominated by intensive agricultural land use (primarily rowcrop agriculture) (ISU Extension, 
2009), with forested areas concentrated along rivers and streams (Thompson, 1992).  Four of the 
study sites (three urban forests and one preserved forest site) were located in Des Moines, the 
largest metropolitan area in the state.   
Landcover Datasets 
 The NLCD 2006 dataset was downloaded from the Multi-Resolution Land 
Characteristics Consortium (MRLC) website (www.mrlc.gov).  The GAP dataset was 
downloaded from the United States Geological Survey (USGS) website (www.usgs.gov).  Both 
datasets were downloaded as zipped raster files.  Once loaded into a GIS, both datasets were 
projected into the same coordinate system (UTM, NAD 1983) to assure the same projection and 
spatial location.  Visual versification of the overlay was assessed by quickly viewing the datasets 
against aerial photos.  Attempts were made to minimize any potential errors associated with 
spatial registration, and subsequently for this pilot study we assumed there were no registration 
(location) errors associated with either dataset (although there are disadvantages of doing so, e.g. 
Stehman and Wickham, 2011).  We extracted landcover data for the specific catchment areas of 
interest and incorporated these into a GIS.    
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Sampling Design 
 A 3-meter digital elevation model from the ArcSWAT extension tool (Arnold et al., 
1998) was used in ArcMAP (ESRI, 2009) to define the boundaries for each of the nine study 
sites.  For field verification, a sample population of 100 pixels was selected and distributed 
across the nine catchments.  Allocation of the pixels among study sites was based on the square 
root rule to balance the need for estimates covering the entire study area with the need to obtain 
estimates for each land cover type (e.g. Nusser and Klaas, 2003).  We also used an adjustment 
coefficient that allowed us to increase of the number of pixels sampled in areas that were 
relatively difficult to classify, and decrease the number sampled in areas typically easy to 
classify.  After obtaining results from these calculations, we applied minimum and maximum 
sample sizes for each land cover category (Nusser and Klaas, 2003). Random points within each 
land cover category were then generated using Hawth’s Tools (Spatial Ecology, 2010) within the 
GIS using a 30- by 30-meter grid to obtain pixel center coordinates (Figure 2).    
Field assessment 
 Field verification points were located on the pixel center coordinates that had been 
uploaded into a Trimble GeoXT GPS receiver (Trimble, 2010) that was used to navigate to each 
point.  Field verification of dataset land cover categories involved visual assessment of a 30 by 
30 meter area to identify the dominant land cover. Existing vegetation was compared with the 
descriptions of the mapped land cover categories for the more detailed classification Level II in 
both the NLCD and GAP datasets (Anderson et al, 1976; Comer et al, 2003).  For forested areas, 
we observed all trees and determined the dominant species present to assign the landcover 
category. Field-verified Level II land cover classes were later collapsed into Level I categories 
for accuracy determinations at that level (Table 1). 
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Data Analysis 
 To compare field verification data to the map-predicted land cover, we determined three 
standard accuracy measures: user’s accuracy, producer’s accuracy, and overall accuracy related 
to each of the land cover categories (Congalton, 1991).  These accuracy measures are described 
in an error matrix, where bold numbers in diagonal positions refer to overall accuracy (e.g., 
where the land cover assessed in the field corresponds to the dataset classifications) and numbers 
in the other positions indicate instances of misclassification.  The rows of an error matrix 
describe accuracy of the dataset predictions with respect to field-verified land cover, termed the 
user’s accuracy (Story and Congalton, 1986), as per Equation 1: 
                     
   
   
    (1) 
where     is the number of correctly classified pixels in category i and     is the total number of 
sample pixels of category i classified by the dataset.   
  The columns of an error matrix indicate how well the field verified land cover category, 
matches the dataset prediction, termed the producer’s accuracy (Story and Congalton, 1986) as 
per Equation 2:   
                         
   
   
   (2) 
where     is the number of correctly classified pixels in category i and     is the total number of 
sample pixels of category i found in the reference data. 
Overall accuracy was determined by calculating the sum of values in the diagonal 
positions and dividing them by the total number of pixels that were assessed, as per Equation 3: 
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∑    
 
   
 
   (3) 
where ∑    
 
    is the sum of all correctly classified pixels and n is the total number of sample 
points collected. 
Results 
 
Characteristics of the study sites 
Study sites ranged in size from 3.6 to 285.4 ha (Table 2).  The predominant landcover 
among urban (64%) and preserved (86%) study areas was forest.  The predominant land cover 
for grazed study areas was agriculture (51%), with significant amounts of forest (48%) (Table 2).  
The total pixel count for the area sampled was 4,175 for the NLCD 2006 dataset, and 4,167 for 
the GAP dataset (Table 3).   
In the NLCD 2006 dataset, agriculture (53%) and forest (35%) land cover were the most 
common (Table 3).  Developed areas (5%), herbaceous areas (7 %) and wetlands (<1%) 
comprised smaller areas (Table 3).  We found very similar land cover results for the GAP 
dataset, with agriculture (52%) and forest land (31%) again comprising the majority of the land 
cover (Table 3).   Grassland areas (7%), developed areas (5%), recently disturbed areas (4%) and 
riparian areas (1%) made up smaller proportions of the study areas.   
User’s accuracy 
 The error matrix for the NLCD 2006 Level I dataset indicates that planted/cultivated 
(agriculture) categories had the highest user’s accuracy (83%), while developed areas (70%) and 
forested areas (59%), were somewhat lower (Table 4).  For NLCD 2006 at Level II, user’s 
accuracy for the high-intensity residential classification was 100%, while low-intensity 
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residential (89%), and row crops (81%) were somewhat lower, followed by pasture/hay (64%) 
and forest (59%) (data not shown).  
 The error matrix for the GAP Level I dataset indicates that developed areas have the 
highest user’s accuracy (100%), followed by agriculture (83%), riparian (80%), disturbed (76%), 
and forested (64%) areas (Table 5).  For GAP at Level II, user’s accuracy for developed areas 
was 100%, was followed by managed forest (90%), agriculture (83%), floodplain (80%), 
deciduous-dominated forest and woodland (64%), and other disturbed areas (57%) (data not 
shown). 
Overall accuracy by classification level 
For the NLCD 2006 dataset, overall accuracy for the study sites at Anderson Level I was 
59%, and at Level II was 58% (Table 6).  For the GAP dataset, overall accuracy for the study 
sites was 71% at Level I, and at Level II was 67% (Table 6).   
Discussion 
 
Characteristics of the study sites 
Though the dominant vegetation is forest in the urban basins, the majority of the 
surrounding landscape is classified as developed areas.  The agricultural basins were embedded 
in typical Iowa landscapes with intensive agricultural activity in the surrounding area.  In the 
preserved sites the dominant land cover is forest. For two of the preserved sites, the majority of 
the surrounding landscape was used for agricultural purposes, although the third was surrounded 
by developed land within the corporate limits of Des Moines.   
Error matrices 
Developed areas were typically areas of high classification reliability for both datasets.  
Although incorporated areas account for a small proportion of  the total land area in Iowa (ISU 
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Extension, 2009) the thematic accuracy for developed areas in our study (70% for NLCD 2006 
and 100% for GAP) at Level II was relatively good, compared to previous evaluations of about 
67 % accuracy for developed areas in the earlier NLCD (2001) dataset at a regional scale 
(Wickham et al., 2010) and an earlier determination of about 90% accuracy in a more local 
examination of northeastern Iowa for the GAP dataset (Nusser and Klass, 2003).   
For agricultural land, the NLCD 2006 and the GAP (both at 83 % accuracy) data sets 
were relatively proficient for our study sites.  Agricultural land in Iowa accounts for the 
overwhelming majority of land use in the state (ISU extension, 2009).  In earlier evaluations, 
thematic accuracy associated with cropland was also high, approximately 97% for evaluation of 
the NLCD 2001 dataset at a regional scale for the upper Midwest (Wickham et al., 2010), and up 
to 81% in a previous evaluation of the GAP dataset in northeastern Iowa (Nusser and Klass, 
2003).   
We had variable results for thematic accuracy for forest land cover in both datasets (59% 
for the NLCD 2006, and 64% for the GAP dataset).  In previous evaluations, the NLCD 2001 
dataset was determined to be approximately 88% accurate at a regional scale (Wickham et al., 
2010) while a smaller-scale evaluation of the  GAP dataset generated accuracy between 44% (for 
coniferous forest) and 59% (deciduous forest) in northeastern Iowa (Nusser and Klass, 2003).   
Both the NLCD 2006 dataset and the GAP dataset generated a large number of 
misclassifications for herbaceous and grassland areas.  For our study sites, these categories were 
typically misclassified (Tables 4 and 5) as either developed (9 out of the 14 for NLCD 2006 and 
8 of the 15 for GAP) or agriculture (4 of 14 for NLCD 2006 and 5 out of the 13 for GAP).  In 
earlier evaluations, Wickham and coworkers (2010) determined a 69% accuracy rate for 
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grasslands in the NLCD 2001 at a regional scale, while other workers reported only a 12% 
accuracy rate for this landcover category (Nusser and Klass, 2003).   
Although accuracy of these datasets for our study areas is variable, relatively few of our 
accuracy ratings meet the nominal standard of 85% recommended by Anderson and others 
(1976).  We determined relatively high accuracy for developed land, which has been an area of 
focus for the consortium of agencies working on the NLCD product and was previously reported 
as an area of improvement between the two earlier versions that were created (Wickham et al., 
2004).  Agricultural classifications in our study also were relatively high, probably because 
regionally abundant land cover classifications typically generate higher accuracy ratings 
(Wickham et al., 2010).  With respect to categories for which our accuracy ratings were lower, 
there are many possibilities that could explain errors, including the scale of application, the 
location of our reference samples, differences in map and reference data registration, and map 
classification error (Wickham et al., 2004).  In addition, there is the possibility of land cover 
change between the time period during which images were generated (1999-2001) and when 
field verification took place, although we believe this was minimal for the predominantly 
forested areas we studied.   
Overall accuracy by classification level 
Aggregation to higher levels (Level I) usually improves overall accuracy (as reported by 
Wickham et al., 2010), as was the case for our analysis.  However, in this study we documented 
only very slight improvement (1% for NLCD 2006 and 4% for GAP) when aggregating from 
Level II to Level I.  Again, this could be due to the very localized scale at which we applied the 
datasets, or the other possible sources of error identified above. 
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Summary 
 
In this study we examined two widely used and publicly available datasets to determine 
their suitability for supporting typical land-ownership scale natural resource management 
decisions.  We examined nine study sites and evaluated the NLCD 2006 dataset and the GAP 
dataset to assess accuracy of landcover information.  We used field verification according to a 
sampling scheme to compare actual landcover to predicted landcover for each dataset. 
Neither of the landcover datasets performed optimally when applied at the local scale of 
our study areas.  In general, we determined somewhat higher accuracy rates for the GAP dataset 
than for the NLCD 2006 product.  Classification level played a relatively minor role in this 
study. Both datasets, although originally created for application to larger areas, could be useful to 
support management decisions for forest areas at a typical land-ownership scale.  Our assessment 
of overall accuracy indicates that the GAP dataset applied at either Level I or Level II generated 
the best results, although the accuracy ratings were all below the suggested nominal standard of 
85%.   
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Table 1.  Land cover classes in the NLCD 2006 dataset for Level I (8 classes) and corresponding 
land cover classes for Level II (20 classes). 
 
 Classification 
code 
Level I (General) 
Land Cover Class 
Classification 
code 
Level II (Specific) Land Cover 
Class 
 
 10 Water 11 Open Water  
   12 Perennial Ice/Snow  
 20 Developed 21 Open Space  
   22 Low Intensity  
   23 Medium Intensity  
   24 High Intensity  
 30 Barren 31 Bare Rock/Sand/Clay  
 40 Forest 41 Deciduous Forest  
   42 Evergreen Forest  
   43 Mixed Forest  
 50 Shrubland 51 Dwarf Shrub  
   52 Shrub/Scrub  
 70 Herbaceous 71 Grassland/Herbaceous  
   72 Sedge/Herbaceous  
   73 Lichens  
   74 Moss  
 80 Planted/Cultivated 81 Pasture/Hay  
   82 Row Crops  
 90 Wetlands 90 Woody Wetlands  
   95 Emergent Herbaceous Wetlands  
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Table 2.  Type, size, general landcover characteristics, and number of sample pixels used for 
field verification in nine study areas in central Iowa. 
 
    Predicted land cover % based on the NLCD 2006 Number of  
 Code Type 
Size 
(ha) 
Developed Agriculture Forest 
Sample  
Pixels 
 U1 Urban 6.69 3 0 86 2  
 U2 Urban 3.58 12 0 71 3  
 U3 Urban 7.70 48 0 44 4  
 U-Average 5.99 24 0 76 Total = 9  
 G1 Grazed 17.51 0 16 84 14  
 G2 Grazed 13.49 0 65 35 6  
 G3 Grazed 285.35 4 69 23 59  
 G-Average 105.45 1 51 48 Total = 79  
 P1 Preserved 22.57 6 9 70 11  
 P2 Preserved 13.25 0 0 100 0  
 P3 Preserved 3.63 12 0 88 1  
 P-Average 13.15 6 3 91 Total = 12  
  
  
2
5
 
 
 
 
 
 
Table 3. Pixel counts for nine central Iowa study areas in NLCD (2006) and GAP Level I datasets 
(U = Urban, G = Grazed, P = Preserved). 
A NLCD 2006 Level I pixel count U1 U2 U3 Total % G1 G2 G3 Total % P1 P2 P3 Total % Total %  
 Water 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0  
 Developed 3 10 39 52 25 0 0 133 133 4 21 0 3 24 5 209 5  
 Barren 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0  
 Forest 61 25 42 128 62 176 50 749 975 28 172 150 40 362 81 1465 35  
 Shrubland 0 0 0 0 0 0 0 6 6 0 0 0 0 0 0 6 0  
 Herbaceous 8 7 9 24 12 0 99 107 206 6 42 0 0 42 9 272 7  
 Planted/Cultivated 1 0 0 1 0 22 0 2169 2191 62 21 0 0 21 5 2213 53  
 Wetlands 0 0 0 0 0 0 0 10 10 0 0 0 0 0 0 10 0  
 Total 73
a 
42 90 205  198 149 3174 3521  256 150 43 449  4175   
B Gap Level I pixel count U1 U2 U3 Total % G1 G2 G3 Total % P1 P2 P3 Total % Total   
 Aquatic 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0  
 Developed ᵇ 5 6 40 51 26 0 0 131 131 4 14 0 3 17 4 199 5  
 Sparse and barren systems 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0  
 Forest and woodland systems 60 26 40 126 63 82 41 654 777 22 181 150 39 370 83 1273 31  
 
Shrubland, steppe and savanna 
systems 
0 0 0 0 0 0 0 00 0 0 0 0 0 0 0 0 0  
 Grassland systems 0 7 5 12 6 1 89 141 231 7 44 0 0 44 10 292 7  
 Agriculture ᵇ 5 0 0 5 3 34 0 2129 2163 61 16 0 0 16 4 2179 52  
 Recently disturbed or modified 0 0 3 3 2 80 18 69 167 5 0 0 0 0 0 170 4  
 Riparian and wetland systems 0 2 0 2 1 0 0 52 52 1 0 0 0 0 0 54 1  
 Total 70 41 88 199  197 148 3176 3521  255 150 42 447  4167   
 ᵃ Pixel counts within land cover classes vary slightly between the two datasets because of spatial registration 
 
ᵇ The "Human Land Use" land cover category within the GAP dataset was  divided into "Developed" and "Agriculture"  for comparison to the NLCD 
dataset 
  
  
2
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Table 4. Error matrix for field verification versus dataset land cover categories for Level I NLCD 2006 dataset applied to the nine 
study areas in Central Iowa. 
 
 NLCD 2006 map 
NLCD 2006 field Land cover category (Level I) 
     
 land cover      
 
category 
Water Developed Barren Forest Shrubland Herbaceous 
Planted/ 
Cultivated 
Wetlands  Total 
User 
(%) 
S.E.  
(Level 1) 
 Water 0         0 -- --  
 Developed  7  1   2   10 70 0.145  
 Barren   0       0 -- --  
 Forest  5  27   2 12  46 59 0.073  
 Shrubland     0     0 -- --  
 Herbaceous  9    0 4 1  14 0 0.000  
 Planted/Cultivated  2  2   25 1  30 83 0.068  
 Wetlands        0  0 -- --  
 Total 0 23 0 30 0 0 33 14  100    
 Producer (%) -- 30 -- 90 -- -- 76 0.00      
 S.E. -- 0.096 -- 0.055 -- -- 0.075 0.000      
Rows indicate how mapped land cover classes are categorized by field verification (used to calculate “user’s accuracy”) 
Columns indicate how field verified land cover classes are categorized in mapped dataset (used to calculate “producer’s accuracy”) 
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Table 5.  Error matrix for field verification versus dataset land cover categories for Level I GAP dataset applied to the nine study areas 
in Central Iowa. 
 
 GAP map 
GAP field land cover category (Level I) 
     
 land cover      
 
category 
Aquatic Developedᵇ 
Sparse 
Vegetation 
Forest Shrubland Grassland 
Agriculture
ᵇ 
Disturbed 
Riparia
n 
 Total 
User 
(%) 
S.E.  
(Level 1) 
 Aquatic 0          0 -- --  
 Developed ᵇ  8         8 100 0.000  
 Sparse Vegetation   0        0 -- --  
 Forest  3  18   1 2 4  28 64 0.091  
 Shrubland     0      0 -- --  
 Grassland  8    0 5    13 0 0.000  
 Agriculture ᵇ  3  1   24 1   29 83 0.070  
 Disturbed  2  1    13 1  17 76 0.103  
 Riparian       1  4  5 80 0.179  
 Total 0 24 0 20 0 0 31 16 9  100    
 Producer (%) -- 33 -- 90 -- -- 77 81 44      
 S.E. -- 0.096 -- 0.067 -- -- 0.075 0.098 0.166      
Rows indicate how mapped land cover classes are categorized by field verification (used to calculate “user’s accuracy”) 
Columns indicate how field verified land cover classes are categorized in mapped dataset (used to calculate “producer’s accuracy”) 
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Table 6. Overall accuracy for each level of the NLCD 2006 and GAP datasets applied to central 
Iowa study sites, and comparison to larger-scale accuracy assessments (Wickham et al., 2010, 
and Nusser and Klass, 2003). 
 
  This study Wickham et al., 2010 Nusser and Klass, 
2003 
 
  NLCD 
2006 
GAP NLCD2001 GAP  
    Region 5 National Northeastern Iowa  
 Level I 59% 71% 88% 85% 64%  
 Level II 58 % 67% 80% 78% --  
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Figure 1.  Locations of nine study sites in central Iowa, with forest land cover indicated for the 
overall study area.
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Figure 2.  An example of the sampling design for identification of pixels chosen for field 
verification of land cover type at nine sites in central Iowa. 
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CHAPTER 3: MODELING STREAM DISCHARGE AND TOTAL SUSPENDED 
SOLIDS USING A MULTI-SITE APPROACH WITH SWAT FOR UNGAUGED 
HEADWATER STREAMS EMBEDDED IN FOREST LANDSCAPES 
 
A paper to be submitted to the Journal of American Water Resources Association 
Zachary A. Keninger and Jan Thompson 
 
Abstract 
 
The Soil and Water Assessment Tool (SWAT) was developed to enable simulation of the 
impacts of land management activities on streamflow and sediment yields at the scale of whole 
watersheds.  In this study, we evaluated the applicability of SWAT using a multi-site approach 
for headwater streams in forested areas in central Iowa, including streams in urban, grazed, and 
preserved forests.  We used biweekly data collected for one stream in each site type over two 
years (April – October, 2010 and 2011) to calibrate the model for discharge and total suspended 
solids concentration, and validated it for two other streams embedded in each forest type.  We 
calculated the R² coefficient and Nash-Sutcliffe Efficiency (NSE) statistic to evaluate model 
performance.  For calibration of stream discharge on a daily time-step, R² values ranged from 
0.45 to 0.85, and NSE ranged from 0.41 to 0.84.  Values of these statistics were lower for 
validation of stream discharge (R
2
 of 0.07 to 0.72, NSE from -3.63 to 0.13).  Model performance 
was variable for total suspended solids (calibration R
2
 from 0.01 to 0.80, and NSE from -0.55 to 
-0.04; validation R
2
 from 0.004 to 0.90, and NSE from -1.45 to 0.27).  Overall, the SWAT model 
showed potential for prediction of discharge using a multi-site approach for small streams in 
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forested areas within each land use type, however, it did not perform well for prediction of total 
suspended solids under our study conditions. 
 
Introduction 
 
 Since Euro-American settlement, much of the Midwestern (USA) landscape has been 
changed from its natural state to accommodate agricultural production.  Iowa, as a state in the 
heart of the cornbelt, has been significantly transformed by this conversion: approximately 85% 
of its original land cover has been converted to intensive agricultural and urban uses (Gallant et 
al., 2011).  In the mid 1800’s grasslands (primarily tallgrass prairie) covered approximately 80%  
of Iowa’s landscape, but now represent only about 5% (Gallant et al., 2011).  Similarly, forest 
areas covered approximately 18% of the land area in the mid-1800s but now account for only 
about 7% (Gallant et al., 2011). 
 This large-scale landscape conversion has had a large impact on water quality in major 
rivers throughout the upper Midwest, due in part to its effect on the headwater streams that flow 
into those rivers.  Headwater streams typically account for 60 to 80% of total stream length in a 
catchment (Schumm,1956; Shreve, 1969), and serve as the sources for larger rivers and lakes. 
Impaired water quality in these smaller streams thus contributes directly to diminished water 
quality in larger streams and rivers.  Headwater streams themselves are strongly coupled with 
and influenced by the characteristics of the surrounding terrestrial landscape (Schlosser, 1991; 
Allan et al., 1997; Fausch et al., 2002; Gomi et al., 2002). 
Previous research has documented the ability of native ecosystems to tightly cycle water 
and nutrients, as well as to filter pollutants and contaminants (e.g. Jorgenson et al., 1975; Yarie, 
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1980; Kuhn, 2001).  Grasslands and wetlands are well recognized for their ability to slow and 
filter runoff (Thompson, 1992; Krutz et al., 2005).  The ability of forested ecosystems to slow 
and filter run-off has been studied as well (Lowrance et al., 1984; Peterjohn and Correll, 1984; 
Schultz et al., 2004; Schoonover et al., 2005).   
 Although they represent a small portion of the landscape, the hardwood forests that 
remain in Iowa are often along riparian corridors (Thompson, 1992) and many comprise the 
catchment areas of headwater streams.  Many of these forests are on private land, and may have 
been used for timber harvesting or agricultural purposes such as cattle grazing (Mabry, 2002).  
Grazing cattle in forests can alter ecosystem condition by causing soil compaction, introducing 
exotic species, and promoting the growth of relatively weedy native species (Kucera, 1952; 
Mabry, 2002).  These compositional changes in the forest may also alter nutrient and water 
cycling functions within them and could lead to impacts on the small streams they surround (e.g. 
Gomi et al., 2002).   
 Additional sources of disturbance to remaining forests are urban and exurban expansion, 
which cause fragmentation of remnant forests and can lead to further impacts from human 
visitation (Nowak et al., 2005).  Urban development, in and of itself, affects water quality by 
increasing the amount of  impervious surfaces (streets, buildings, parking lots) and constructing 
storm water sewer systems that deliver runoff directly to streams (Walsh et al., 2005; Elvidge et 
al., 2012).   Often, sediment from eroding stream banks (due to artificially increased flows) 
nutrients (from lawn fertilizers), and other potentially toxic contaminants enter urban streams 
(e.g. Frumkin, 2002; Coulter et al., 2004; Bernhardt et al., 2008; Craig et al., 2008; Pickett et al., 
2011). 
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Private forest landowners, who own over 90% of Iowa’s woodlands (Crocker et al., 
2007) must find alternatives to balance multiple objectives in forest management. These may 
include production of traditional forest products (firewood, timber) and agricultural land uses 
(e.g. cattle grazing).  New forest owners’ goals are also likely to include aesthetic enjoyment, 
privacy, provision of wildlife habitat, heritage values, and protection of stream water quality 
(Jones et al., 1995; Koontz, 2001; Dutcher et al., 2004).  Thus, these landowners may be 
interested in managing forest areas along streams to provide buffers for surface and subsurface 
flow as well as to stabilize stream banks and control sediment movement (Peters and Hodge, 
2000; USDA National Agroforestry Center, 2004).  With these broader management objectives, 
landowners and land managers could benefit from additional information on the potential 
impacts of forest land use decisions and actions on stream flow patterns and pollutant (e.g. 
suspended solids) loads.   
A watershed-focused approach at the scale of typical forest land ownerships (usually less 
than 20 ha., Butler and Leatherberry, 2004) could be very useful to provide stream water quality 
information related to management options for interested landowners and managers (e.g. Li et 
al., 2008).  Historically, such watershed assessments required intensive field verification, and so 
were inefficient to conduct for multiple small ownerships.  Recently, however, increases in the 
availability and resolution of spatial data have made the use of Geographic Information Systems 
(GIS) an option for assessing and/or modeling water quality using a less intensive and less 
expensive approach.  Such GIS-based models could be developed via calibration and validation 
on a limited number of watersheds, and then potentially be applied to assess and predict 
outcomes for any number of similar watersheds in the same general locale or ecoregion, also 
known as a “multi-site” approach to modeling (e.g., Refsgaard, 1997; Gitau and Chaubey, 2010). 
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This study involved measurement of stream variables (discharge and total suspended 
solids, TSS) in nine central Iowa headwater streams embedded in forest catchments, and use of a 
GIS approach to model these parameters.   On-site measurements of stream discharge and TSS 
concentration for hydrologic events across two field seasons were used to calibrate and validate a 
Soil and Water Assessment Tool (SWAT) model (Arnold et al., 1998).  We used SWAT 2005 
within ArcSWAT 2.3.4, linked with ArcGIS v 9.3, because they were the current versions 
available at the beginning of this study, have readily available software extensions, and have 
been applied in other studies (as reviewed by Gassman et al., 2007).   
 Because of the potential for application of the SWAT model to guide forest land 
management decisions, we were interested in whether it could be used to model water quantity 
and quality outcomes for streams embedded in forests used in different ways.  The specific 
questions that guided this study were: 1) Are there differences in stream discharge and TSS 
concentration for headwater streams embedded in forest remnants subject to different land uses?  
2) How well does SWAT perform using a multi-site approach for modeling stream discharge and 
sediment concentration in ungauged headwater streams embedded in forests characterized by 
similar land use?   
Methods 
 
Study Area   
 We conducted this study by focusing on nine headwater stream catchments in Central 
Iowa, U.S.A.  Seven of the nine study streams are located in the Lake Red Rock Watershed, the 
remaining two occur (one each) nearby in the Middle Des Moines watershed and the North 
Raccoon watershed.  All three of these sub-basins are located in the Upper Mississippi River 
Basin (Figure 1).  The study catchments are located within the Des Moines Lobe and Rolling 
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Loess Prairies ecoregions (Chapman et al., 2002).  The area includes level to gently rolling 
terrain and average rainfall is approximately 914 mm (36 in) per year (NOAA, 2012).   
 To examine potential effects of different land uses on stream parameters within forests, 
our study included three sites within each land use type:  urban (identified hereafter as U1, U2, 
and U3), grazed (G1 through G3), and preserved (P1 through P3) forests (Tables 1 and 2).  All 
sites were characterized by presence of closed-canopy upland central hardwood forests that were 
not harvested during the most recent 50 years, and each contained an embedded first-order 
stream (as per Strahler, 1957).  The first land use, urban forest, was further defined as being 
forest areas located in city parks within the corporate boundaries of Des Moines, Iowa that were 
heavily used by area residents.   The second land use, grazed forests, was further defined as sites 
that were actively grazed within the past 30 years.  The third land use, preserved forests, was 
further defined as areas protected from major human-caused disturbances for at least 50 years. 
Stream Sampling 
 Onsite stream data were collected on a biweekly basis during two field seasons, April-
November, 2010, and March-October, 2011.  We established one permanent sampling point near 
the outflow point of each of the nine streams.  For measurement of stream discharge, the stream 
channel was divided into 2-5 cells of equal width (Rantz 1982).  Depth was measured at the 
center of each cell and four streamflow velocities were recorded using a Swoffer 2100™ current 
velocity meter (2010) or a Marsh-McBirney Flow-Mate 2000™ (2011).  The average of the four 
velocity readings was multiplied by cell cross sectional area and the resulting values were 
summed to obtain stream discharge (Rantz, 1982).  Grab samples for determination of TSS were 
collected at 2/3rds depth facing upstream in the middle of the channel prior to stream discharge 
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measurements for each sample event. The samples were then transported in a cooler and cold-
stored until laboratory analysis. 
Laboratory Analysis 
 TSS concentration was determined using triplicate analyses for known volumes of 
sample, each filtered through oven-dried, pre-weighed, 152 μm filters (Eaton et al., 2005).  The 
filters and retained solids were then dried at 105°C for one hour and weighed. TSSconcentration 
was determined by calculating the average of the three measurements. 
Spatial Modeling and Analysis 
 Data required for SWAT 2005 included a digital elevation model (DEM), land cover, soil 
information, and daily precipitation and climate values for each catchment.  Elevation data 
consisted of a 3-meter resolution DEM created by the Iowa Geological and Water Survey Bureau 
(IGWSB, 2010).  The DEM was used within ArcSWAT to delineate watershed boundaries, and 
to determine slopes and stream networks.  The 2006 National Land Cover Dataset (NLCD, 30-m 
resolution) was used to further define the characteristics of each watershed (Fry et al., 2011).  
Soil data consisted of polygon files from the Soil Survey Geographic Database (SSURGO) 
(USDA-NRCS, 2005).  The polygons were converted to a raster format using the SSURGO 
processing tool in the SWAT input/output tools extension (Sheshukov et al., 2011).   
 Watersheds were divided into sub-basins by stream networks within SWAT 2005, and 
further divided into hydrologic response units (HRUs) based on areas of homogenous land-use 
and soil characteristics (Neitsch et al., 2005).  Six of our nine study watersheds contained only 
one sub-basin, although G1, G3, and P3 had 9, 15, and 3 HRUs, respectively (Table 2). 
 Climate input parameters included precipitation, minimum and maximum temperature, 
solar radiation, wind speed, and relative humidity.  Precipitation and minimum and maximum 
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temperature data were obtained for a daily time-step for 2010-2011 from the Iowa 
Environmental Mesonet (www.mesonet.agron.iastate.edu) for three climate stations near the 
study watersheds (Ankeny, Des Moines Airport, and Indianola, locations indicated in Figure 1).  
Other meteorological data required by the model (solar radiation, wind speed, and relative 
humidity) were estimated using the weather generator within SWAT 2005 to create 
representative values. 
 We used one watershed within each land use type for model calibration on a daily time-
step using monitoring data from both years of the study.  Using the multi-site approach, we then 
used the calibrated model to predict discharge and TSS concentrations for the other two 
catchments within each respective land use type across both years of the study for validation.  
Initial parameters used for model calibration were based on other SWAT 2005 model 
applications (e.g. Sprull et al., 2000; Santhi et al., 2001; Cotter, 2002; White and Chaubey, 
2005).  Weimposed relatively low curve numbers for these forested areas based on calibration 
trials and on reports in the literature (e.g. Di Luzio  et. al., 2005; Qi and Grunwald, 2005). We 
also used manual calibration based on our biweekly measurements of stream discharge and TSS 
concentration at the outflow point of one basin for each of the three site types (initial and final 
calibration values are provided in Table 3). 
Statistical Methods 
 To compare stream discharge and sediment concentration according to land use type we 
conducted analysis of variance (ANOVA) using JMP version 9.0 (SAS Institute, 2010).  We 
used p< 0.10 as the criterion for declaring differences among means.  To assess the performance 
of the SWAT model to predict discharge and sediment concentrations for our watersheds, we 
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computed both the coefficient of determination (R²) and the Nash-Sutcliff model efficiency 
(NSE) statistic (Nash and Sutcliff, 1970). 
 We calculated the coefficient of determination according to the following (equation 1): 
                                 R² = (
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where O represents  measured values, P is predicted (modeled) output and i equals the number of 
values.  R² thus describes collinearity between measured and predicted values, and ranges from 0 
to 1.  R² values that are greater than 0.50 are generally considered acceptable for modeling based 
on a daily time-step (Moriasi et al., 2007; Gassman et al., 2007). 
 The Nash-Sutcliff statistic (NSE) was calculated as per the following (equation 2): 
                           NSE =   (
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where O represents  measured values, P is predicted (modeled) output and i equals the number of 
values (Nash and Sutcliff, 1970).  NSE values range from -∞ to 1; values between 0 and 1 
generally indicate acceptable model performance, with 1 representing a perfect match between 
modeled and observed data.  Negative values or values close to zero indicate that model 
prediction is not acceptable (Santhi et al., 2001; Moriasi et al., 2007).    
Results and Discussion 
 
Measured Stream Discharge and TSS Concentration 
 Measured discharge rates for headwater streams in urban, grazed, and preserved forests 
were different, with urban and preserved sites characterized by lower discharge rates than grazed 
sites (Table 4).  Watershed discharge patterns (grazed> urban and preserved) were consistent 
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across both years of the study, in spite of differences in total precipitation (higher than average 
rainfall in 2010, lower than average in 2011) and differences in seasonal distribution of 
precipitation (Table 5).    
 We expected to find differences in discharge rates according to the different land use 
types.  Based on our prior experience and some other studies we expected that forests in urban 
areas would have the highest discharge rates and preserved forests the lowest (e.g. Tourbier, 
1994). However, for our study sites, grazed forests had the highest discharge rates and urban 
sites the lowest.  Similar results were reported by Coulter et al. (2004) in a comparison of 
agricultural, urban and mixed land-use watersheds, who found lower flow rates in urban 
watersheds.  Based on additional analyses of our watersheds (data not shown) this may have 
been partially due to the influence of watershed size (e.g. Landers et al., 2007), which on average 
was smaller for the urban watersheds and larger for the grazed watersheds (Table 1).  
Additionally, although the streams selected for study were embedded in forests, after delineation 
using the DEM, the largest catchment among the grazed sites (G3) also contained significant 
areas of rowcrop and grazed pasture land (Table 1) which may have contributed to higher 
discharge rates compared to the other land use types.   
 We did not detect differences in average TSS concentration across these land use types 
(Table 4).  TSS concentration was generally related to stream discharge rates with increased 
levels for urban and preserved sites in 2010 (with higher than average rainfall, Table 5) 
compared to 2011 (Table 4).   Very high TSS concentrations for one sample in the P1 watershed 
in summer 2010 (1,156 mg/L) and for one sample in G1 in summer 2011 (253 mg/L) were not 
consistent with the other overall patterns we observed.   Other relatively high TSS concentrations 
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we observed during periods of high flow were consistent with reports of other researchers (e.g. 
Coulter et al., 2004, Landers et al., 2007).   
Accuracy of SWAT 2005 for Modeling Ungauged Headwater Streams 
 We were able to calibrate the SWAT 2005 model for discharge rates in three of these 
headwater streams (Figure 2), but we had variable results for validation on other watersheds 
within each land use type (Table 6).  Fewer calibration and validation results for TSS 
concentration were within generally acceptable limits.    
 Calibration of discharge for one stream in each land use type (U1, G1, and P1) generated 
R
2
 values ranging from 0.45 (U1) to 0.85 (P1), and NSE values from 0.41 (U1) to 0.84 (P1) 
(Figure 2, Table 6).  Validation of the model for discharge generated R² values ranging from 0.07 
(G2) to 0.72 (P2), and NSE values ranging from -3.63 (G2) to 0.13 (G3) (Table 6). 
 We obtained the best calibration results for discharge from the preserved forest sites, 
followed by grazed, and then urban sites.  Both R
2
 and NSE values for all three site types were 
within the range considered acceptable for modeling on a daily time-step (e.g. Moriasi et al., 
2007).  Since SWAT was designed to model large agricultural watersheds (Arnold et al., 1998), 
the calibration results for these small forested catchments provide evidence supporting the 
transferability of the model to these settings.  Other workers have also had success calibrating 
SWAT for relatively small watersheds (DiLuzio et al.,2 005; Veith et al., 2008) and in forested 
catchments (Li et al., 2008, using a hybrid ANN- SWAT approach). 
 Validation results for discharge were more variable but tended to be higher for preserved 
forests, followed by urban and then grazed land uses (Table 6).  In terms of whole catchment 
characteristics, the highest R
2
 value for validation was obtained in the most homogeneous 
watershed (P2 with 100% forest cover) that was most similar in size to the calibration watershed 
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(Table 1).  The lowest statistics for validation (both R
2
 and NSE) were obtained for G2, which 
was different from the calibration watershed (G1) because of a large area of natural meadow 
(Table 1) that could slow water movement and cause over-prediction for this catchment (Cho et 
al., 2010) 
 Another cause for these lower than expected validation values could be related to the 
short duration of our study and the variation in precipitation inputs within the short study period.   
For example, others have demonstrated that large amounts of rainfall during the calibration 
period can cause the model to overestimate streamflow variables (Srinivasen et al., 1998).   
Similar phenomena may have caused overestimation of discharge values for both calibration and 
validation in our study (e.g. as it did for calibration in late summer and fall during both 2010 and 
2011, Figure 2). In addition, variation in spatial distribution of rainfall (we used data from nearby 
climate stations but did not measure precipitation on-site) could have limited our ability to 
predict discharge (Cho et al., 2009). 
 TSS calibration and validation results were more variable than those for discharge, and 
model assessment statistics for TSS were often below accepted values.  R² values for TSS 
calibration of one watershed for each land use type ranged from 0.01 to 0.80, and NSE values 
varied from -0.55 to -0.04 (Table 6).  Validation statistics for TSS on the remaining sites within 
each land use type were often below acceptable values.  For validation, R² values ranged from 
0.004 to 0.90, and NSE values varied from -1.45 to 0.27 (Table 6).   
 We used discharge as the primary variable during the calibration process, possibly 
leading to poorer model performance for predicting TSS concentration.  We also observed a high 
degree of variation in actual TSS concentration, with at least one measurement for each land use 
type that was considerably different from all others (see standard deviations in Table 4, also 
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Figure 2 for calibration watersheds).  Consistent with this possibility, when the P1 sediment 
result for one event (1,156 mg/L) was removed to re-calculate calibration statistics, the R² value 
increased from 0.01 to 0.72.   Values of the NSE statistic, which is sensitive to outliers (Kirsch et 
al., 2002), were low for TSS calibration in watersheds associated with all three land use types.  
The model, however, does not account for in-stream erosion, which might explain larger 
amounts of TSS concentration in our actual field samples.  
 Other researchers have reported more acceptable calibration results based on a daily time-
step over a two-year study period – for example, Muleta and Nicklow (2005) calculated an NSE 
of 0.46 for sediment in a relatively small watershed.  However, these researchers also reported 
poorer results for validation (NSE of -0.005).  Generally, individual reports (e.g. DiLuzio et al., 
2005) and validation statistics summaries (e.g. Gassman et al., 2007) show evidence of the 
overall level of difficulty for modeling this parameter.   
 Model assessment statistics were relatively high, however, for calibration of TSS 
concentration in one of our grazed study watersheds (G1), and for validation of sediment in the 
grazed watershed G3.  These results are consistent with the development of SWAT as a tool to 
predict outcomes for relatively large agricultural watersheds (G3 being both large and 
predominantly agricultural) and with other research applying the model to much larger 
agricultural basins in the upper Midwest (e.g. Jha et al., 2004; Green et al., 2006; Jha et al., 
2007)   
 In terms of evaluating the usefulness of SWAT to model the unique effects of different 
land uses within forested watersheds, we were able to calibrate the SWAT model for the three 
land use types even though observed values for discharge and TSS concentration were very 
different (e.g. by an order of magnitude for discharge) between them (Table 4 and Figure 2).  
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Although results for validation were less than ideal, predicted values for each land use type 
(urban, grazed, and preserved) were consistent with measured outcomes within those land uses in 
a general sense.  Overall, our somewhat variable results using SWAT to model relatively small 
forested catchments on a daily time-step are consistent with findings of earlier researchers who 
studied similar systems (as reported in reviews by Gassmann et al., 2007, and Moriasi et al., 
2007). 
Summary and Conclusions 
 
 Large-scale landscape conversion in the upper Midwest has led to a number of 
unintended consequences for water quantity and quality outputs from the region.  Remaining 
forest areas, often located along streams and rivers, could theoretically limit the impacts of high 
flow events and delivery of pollutants such as sediment to downstream waters.  Given the 
general interest among forest land owners and land managers in resource conservation, the 
ability to assess and predict the effects of different land uses on water quality and quantity 
outputs via hydrological models could provide important information to support management 
decisions. 
 In this study we assessed forest areas subject to different land uses and used the SWAT 
2005 model to test its applicability for predicting discharge and TSS concentration in headwater 
streams embedded in those land use types.  We detected differences among these systems for 
stream discharge, but we were not able to detect differences in TSS concentration.   We were 
able to calibrate the SWAT 2005 model with limited input data for one representative catchment 
within each land use type, but our validation results for other watersheds using the multi-site 
approach within each land use type were more variable, especially for predicting TSS 
concentrations. 
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SWAT was originally developed for and has been successful in predicting water quantity 
and quality outcomes for large agricultural watersheds when calibrated using longer-term 
training data that can be applied at monthly, annual, or even decadal time-steps (e.g. Arnold et 
al., 2000; Arnold et al., 2005; Cao et al., 2006; Kalin and Hantush, 2006; Vazquez-Amàbile et 
al., 2006).  Applications of SWAT to other land uses, with limited input data and shorter time-
steps, have generated more variable results (e.g. Eckhardt et al., 2002; Du et al., 2005; Moriasi et 
al., 2007 and citations therein).   
 Because of increasing pressure for production of biofuels and simultaneous increases in 
rates of and areas affected by urbanization, intensification of human impacts in our study area is 
expected to continue, with potentially far-reaching effects on water quantity and quality. Use of 
models to assess management strategies at the scale of small watersheds will enable better 
understanding of those impacts as well as linkages between small catchments and the larger 
streams and rivers where their impacts cumulate.  In addition, use of such models to predict the 
likely impacts of climate change on these systems will enable landowners and managers to 
evaluate the potential outcomes associated with different management options over time.  
Further analyses of key input data for small forested watersheds could enhance the performance 
of SWAT so that the model could be a powerful tool for forest land managers.   
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Table 1.  Percent of Landcover for Nine Study Watersheds in Central Iowa (Data from NLCD, 
2006 (Fry et al., 2011) 
 
    Land Cover (percent)  
   Area   Grassland Agricultural  
 Type Code (ha) 
Impervious 
Surface 
Forest 
Mown 
parks 
Natural 
Meadow 
Row 
Crops 
Grazed 
Pasture 
 
  U1 6.69 0 84 4 12 0 0  
 Urban U2 3.58 10 60 14 17 0 0  
  U3 7.65 4 47 39 10 0 0  
 Mean  5.97 5 64 19 13 0 0  
  G1 17.51 0 89 (grazed) 0 0 7 5  
 Grazed G2 13.49 0 34 (grazed) 0 66 0 0  
  G3 285.35 0 24 (grazed) 4 4 37 31  
 Mean  105.45 0 49 (grazed) 1 23 15 12  
  P1 22.57 0 67 8 16 0 8  
 Preserved P2 13.26 0 100 0 0 0 0  
  P3 3.64 5 93 2 0 0 0  
 Mean  13.16 2 87 3 5 0 3  
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Table 2. Watershed Characteristics used in SWAT 2005 For Each of the Nine Study Watersheds 
in Central Iowa 
 
  
 Average 
Number 
of SWAT Number   
 
 
 
Type 
Site 
Code 
Slope 
(degrees) 
Sub-
Basins 
of SWAT 
HRUs 
Dominant 
Soil Series 
 
  U1 8.2 1 5 
Lindley 
Clinton 
 
 Urban U2 8.3 1 7 
Storden-Hayden Complex 
Hayden-Urban Land Complex 
 
  U3 6.7 1 6 
Hayden 
Hayden-Urban Land Complex 
 
  G1 8.7 9 50 
Fayette 
Van Meter 
 
 Grazed G2 7.7 1 9 
Ladoga 
Gara 
 
  G3 5.6 15 78 
Macksburg 
Gara 
 
  P1 8.6 1 11 
Gosport 
Clinton 
 
 Preserved P2 10.4 1 6 
Lindley 
Clinton 
 
  P3 11.5 3 13 
Hayden 
Clarion-Urban Land Complex 
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Table 3.  List of calibration parameters used in the model applied to the nine Central Iowa study 
watersheds. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
  
 
Parameter 
Site 
Type Range 
Final 
Calibrated 
Value 
 
 
Curve Number 
(CN) 
Urban 50-85 59  
 Grazed 50-85 55  
 Preserved 50-85 51  
 
Plant uptake compensation factor 
(EPCO) 
Urban 0.01-1 1  
 Grazed 0.01-1 1  
 Preserved 0.01-1 1  
 
Soil evaporation compensation factor 
(ESCO) 
Urban 0.50-0.95 0.85  
 Grazed 0.50-0.95 0.50  
 Preserved 0.50-0.95 0.90  
 
Ground water delay time 
(GW_DELAY) 
Urban 0-100 50  
 Grazed 0-100 40  
 Preserved 0-100 50  
 
Ground water “revap” coefficient 
(GW_REVAP) 
Urban 0.02-0.20 0.10  
 Grazed 0.02-0.20 0.04  
 Preserved 0.02-0.20 0.05  
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Table 4.  Analysis of Variance (ANOVA) for Stream Discharge and Sediment Concentration by 
Land Use Type in Nine Headwater Streams in Central Iowa 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 Year Parameter 
 Mean  
 df 
Sum of 
Squares 
Mean 
Square 
F-
ratio 
Prob>
F  Urban Grazed Preserved 
 2010 Discharge 0.0020 0.0149 0.0025 
 
2 0.004029 0.002014 5.5243 0.0052  
  (CMS) 
   
Error 106 0.038651 0.00365    
  Sediment 91.27 27.37 106.12 
 
2 132232 66116 2.0349 0.1358  
  (mg/L) 
   
Error 106 3443991 32490.5    
 2011 Discharge 0.0011 0.0229 0.0025  2 0.011965 0.005983 2.3640 0.0984  
  (CMS)    Error 119 0.301157 0.002531    
  Sediment 36.08 60.34 54.68  2 13292.09 6646.05 1.5198 0.2230  
  (mg/L)    Error 119 520367.2 4372.83    
 Overall Discharge 0.0016 0.0189 0.0025  2 0.01489 0.007445 4.9763 0.0077  
  (CMS)    Error 228 0.341105 0.001496    
  Sediment 61.16 43.85 78.32  2 45681 22840.5 1.2724 0.2821  
  (mg/L)    Error 228 4092869 17951.2    
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Table 5.  Monthly and Annual 20-year (1981-2010) Precipitation Averages for the Des Moines, 
Iowa Area From NOAA, and Monthly and Annual Precipitation (mm) for Three Weather 
Stations Used for Watershed Simulation Precipitation Data in 2010 and 2011  
    Year Jan. Feb. Mar. Apr. May June July Aug. Sep. Oct. Nov. Dec. Annual   
 
20-yr Average 23.9 32.0 57.4 98.0 120.4 125.5 113.5 104.9 77.5 67.1 55.4 35.6 911.1 
 
 
IA0241 
2010 33.0 17.3 39.4 110.2 82.8 268.0 146.3 319.0 115.6 11.4 47.5 8.9 1199.4 
 
 
2011 15.5 10.9 43.2 68.6 108.5 138.2 40.6 56.4 35.1 27.4 59.4 45.7 649.5 
 
 
IA2203 
2010 42.4 27.4 55.4 119.1 121.7 340.6 138.2 273.1 104.4 15.2 58.2 17.8 1313.4 
 
 
2011 27.2 16.8 54.9 126.2 153.4 261.1 37.3 80.8 18.0 31.2 70.6 64.5 942.1 
 
 
IA4063 
2010 55.1 35.8 58.9 110.7 87.6 326.9 176.0 146.3 100.6 18.3 35.3 12.4 1164.1 
 
 
2011 23.4 16.3 32.0 72.1 165.1 340.1 62.0 77.0 22.4 23.1 50.5 51.3 935.2 
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Table 6.  Regression Coefficients (R²) and Nash-Sutcliff (NSE) Statistics for Predicted and 
Modeled Stream Discharge and Sediment Concentration in Nine Watersheds on a Daily Time-
step Interval 
 
 
 
 
 
 
 
 
 
 
 
    Urban  Grazed  Preserved  
    U1 U2 U3  G1 G2 G3  P1 P2 P3  
    Calib Valid Valid  Calib Valid Valid  Calib Valid Valid  
 Stream 
Discharge 
R² 
NSE 
 0.45 
0.41 
0.28 
-0.97 
0.18 
0.07 
 
0.73 
0.53 
0.07 
-3.63 
0.13 
0.13 
 
0.85 
0.84 
0.72 
-1.01 
0.17 
-0.14 
 
 Sediment 
Concentration 
R² 
NSE 
 0.02 
-0.04 
0.45 
0.27 
0.01 
-0.25 
 
0.80  
-0.55 
0.004 
-0.29 
0.90 
0.06 
 
0.01 
-0.09 
0.05 
-1.45 
0.30 
-0.17 
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Figure 1.  Locations of Nine Study Watersheds and Weather Stations in Central Iowa, and Their 
Location Within the Upper Mississippi River Basin 
  
  
6
0
 
 
Figure 2.  A-C: Calibration of SWAT 2005 for Discharge in Urban (U1), Grazed (G1) and Preserved (P1) Forest Study Site Streams. 
D-F: Calibration of SWAT 2005 for Sediment Concentration in the Same Streams.  Spring Includes Samples Collected Beginning 
March (2011) or April (2010) through May; Summer Includes Samples Collected From June Through August; Fall Includes Samples 
Collected September Through October 
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CHAPTER 4: GENERAL CONCLUSION 
 
Geographic Information Systems (GIS) can provide useful decision support tools for 
natural resource management.  To enable appropriate applications, GIS users should be aware of 
underlying limitations of these tools, and the appropriate scale of application.  To that end, I 
examined regional landcover datasets and a computer-based hydrologic model to examine their 
accuracy and applicability at very local scales.   
Overall, this assessment indicates that both the landcover datasets and the hydrological 
models have potential for providing useful information for land owners and managers at a scale 
that would be typical for privately-owned Midwestern forest areas.  However, there are some 
limitations associated with both types of applications. 
Overall, the landcover datasets performed moderately well when applied at the relatively 
local scale of our study areas (e.g. 59 % accuracy for NLCD 2006 and 71% for GAP at Level I 
classification).  We determined somewhat higher accuracy rates for the GAP dataset than for the 
NLCD 2006 product.  Classification level played a minor role in this study. Both datasets, 
although originally created for application to larger areas, could be useful to support 
management decisions for forest areas at a typical land-ownership scale.  Our assessment of 
overall accuracy indicates that the GAP dataset applied at either Level I or Level II generated the 
best results. 
We determined that SWAT 2005 could be applied to these systems to calibrate stream 
discharge using limited input data for one representative catchment within each land use type, 
although results for calibration of sediment yield were more variable.  Validation of stream 
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discharge for other watersheds using a multi-site approach within each land use type produced 
somewhat variable results for streamflow, and was less useful for predicting sediment 
concentrations. 
 Because of increasing pressure for production of biofuels and simultaneous increases in 
rates of and areas affected by urbanization, intensification of human impacts in this region is 
expected to continue.  The ready availability of GIS tools and datasets will be useful to support 
management decisions in this rapidly changing landscape.  The landcover and hydrological 
modeling tools assessed in this study could potentially be used at local scales to assess and 
predict outcomes of future land use decisions.  The land cover data sets provided reasonable 
accuracy, particularly for predominant land cover categories, although they provided less 
accurate results for rarer categories.  The SWAT model appears to be applicable to small 
catchments, particularly to predict streamflow, although results for sediment concentration were 
more variable.  With further analysis of key input data for forested watersheds the SWAT model 
could provide valuable decision support for forest landowners and managers seeking to 
understand possible water quantity and quality outcomes of different land use scenarios. 
  
